Remote sensing image databases are the fastest growing archives of spatial information. However, we still have a limited capacity for extracting information from large remote sensing image databases. There are currently very few techniques for image data mining and information extraction in large image data sets, and thus we are failing to exploit our large remote sensing data archives. This paper proposes a methodology to provide guidance for mining remote sensing image databases. The basic idea is to use domain concepts to build generic description of patterns in remote sensing images, and then use structural approaches to identify such patterns in images. We illustrate our proposal with a case study for detecting land use patterns in Amazonia from INPE's remote sensing image database.
Introduction
Remote sensing satellites are currently the most significant source of new data about our planet, and remote sensing image databases are the fastest growing archives of spatial information. The variety of spatial and spectral resolutions for remote sensing images ranges from IKONOS 1-meter panchromatic images to the next generation of polarimetric radar imagery satellites. Given the widespread availability of remotely sensed data, many government and private institutions have built large remote sensing image archives. The US National Satellite Land Remote Sensing Data Archive, managed by USGS EROS Data Center, holds 1,400 TB of satellite data collected over a 40 year period, and satellites such as NASA's Terra and Aqua generate an additional 3 Terabytes of imagery daily. Brazil's National Institute for Space Research (INPE) has more than 130 Terabytes of image datasets, covering 30 years of remote sensing activities, which are available on a database with free on-line access for Brazilian researchers. Strategic information from these remote sensing images is strongly demanded in many areas, including government (e.g., security and social purposes), economy (crop forecasting), and hydrology (water resources monitoring).
The first operational remote sensing satellite (LANDSAT-1) was launched in 1972, since then there has been a large worldwide experience in data gathering, processing and analysis of remotely sensed data. However, we still have a limited capacity for extracting information from large remote sensing image databases. Currently, most image processing techniques are designed to operate on a single image, and there are few algorithms and techniques for handling multi-temporal images [1] . This situation has lead to a "knowledge gap" in the process of deriving information from images and digital maps. This "knowledge gap" has arisen because there are currently very few techniques for image data mining and information extraction in large image data sets, and thus we are failing to exploit our large remote sensing data archives.
Although there has been a large research effort in content-based image retrieval (CBIR) techniques [2] [3] [4] [5] [6] , the specific problem of mining remote sensing image databases has received much less attention. Proposals such as VISIMINE [7] , ADAM [8] and KIM [9] are focused on clustering methods that operate on the feature space, the multi-dimensional space which is created by the different spectral bands of a remote sensing image. These techniques are useful for distinguishing spectral signatures of different land use types, such as finding areas which are classified as "lakes", "cities" or "forests". However, in remote sensing image mining, one of the most important challenges is tracking patterns of land use change. A large remote sensing image database is a collection of snapshots of landscapes, which provide us with a unique opportunity for understanding how, when, and where changes take place in our world. For example, INPE's image database covers a 30-year history of land use change in the Amazon tropical forest. Extensive fieldwork also indicates that the different actors involved in land use change (small-scale farmers, large plantations, cattle ranchers) can be distinguished by their different spatial patterns of land use [10] . Furthermore, these patterns evolve in time; new small farms will be created and large farms increase their agricultural area at the expense of the forest. In these and similar situations, patterns of land use change will have similar spectral signatures and image mining techniques based on clustering in the feature space will not be able to distinguish between them.
Therefore, tracking the temporal evolution of patterns in remote sensing imagery requires methods that are different from standard content-based image retrieval (CBIR) systems. A typical CBIR system uses a query image as the source and images in the database as targets, and query results are a set of images sorted by feature similarities with respect to the source [11] . When searching for patterns in remote sensing image databases, a different approach is necessary. Instead of similarity searches between image pairs, a system for mining remote sensing image databases must be able to do similarity searches between patterns found in different images. Therefore, mining remote sensing image databases is searching for patterns of change, not searching for internal content.
Our approach differs from previous work in the literature for content-based image retrieval. Schober et al [12] present a system that provides an automated keyword annotation for images, which assigns descriptive contents to objects in the image. Wang et al [5] describe an architecture that identifies object boundaries in a query image using segmentation, associates these objects to ontological concepts using neural networks, and uses these concepts to obtain a description for the image. These approaches aim at obtaining an adequate description of a single image, and are not adequate for solving the challenge of mining patterns in large remote sensing image databases, where the aim is to find similar patterns over significant temporal periods. We believe that by focusing on specific domain concepts for remote sensing data, it is possible to obtain significant results in mining land use patterns in large image databases.
Given this perspective, this paper proposes a methodology for mining patterns of change in remote sensing image databases. The basic idea is to use domain concepts to build generic descriptions of patterns in remote sensing images, and then use structural approaches to identify these patterns in the image database. Our approach is motivated by earlier works by our research group on using ontologies for integrated GIS [13] , and on ontological characterization of remote sensing imagery [14] .
In what follows, we discuss patterns of change in remote sensing images and propose a methodology for mining land use patterns in remote sensing image databases. We illustrate our proposal with a case study for detecting land use patterns in Amazonia from INPE's remote sensing image database.
Patterns of change in remote sensing image databases
Given a large remote sensing image database, researchers would like to explore the database with questions such as: What are the different land use patterns present in the database? When did a certain land use pattern emerge? What are the dominant land use patterns for each region? How do patterns emerge and change over time? The answer to these and similar questions requires the availability of data mining techniques which are able to perform similarity searches between patterns found in different images. We propose to approach this problem by using spatial patterns as a means of describing relevant semantic features of an image.
Our primary consideration is that the instruments onboard remote sensing satellites capture energy at different parts of the electromagnetic spectrum, which is then converted into digital imagery. These instruments are not designed for a specific application, but are a compromise between sensor technology and requirements from different user communities. As a result, remote sensing images have a structural description which is independent of the application domain that a scientist employs to extract information. We distinguish between the image domain and the application domain, as shown in Figure 1 
Figure 1. Overview of pattern mining process
To associate structures found in the image to concepts in the application, we need a structural classifier, which is able to relate the same structures to different application domains. This strategy differs from most remote sensing image database mining systems, such as KIM [9] and VISIMINE [7] , which implicitly assume that there is one "best fit" for associating semantic concepts in the user domains to image-derived structures. Our view is that different structural classifiers will produce different associations between spatial patterns and the user domain concepts, and that each association is valid within a given application context. In other words, there are many ways to bridge the "sensory gap" and we should not search for a "best fit". For each type of application, there will be an appropriate structural classifier.
In what follows, we describe our proposed methodology for image mining, and apply it to the problem of mining patterns in INPE's remote sensing image database. In this paper, the application domain is concerned with describing land use change in tropical forests using remote sensing satellites.
A methodology for mining land use patterns on remote sensing images
We propose a methodology for image mining in large remote sensing databases using the idea application-dependent structural classifier, as outlined above. The methodology consists of three steps:
Definition of a spatial pattern typology according to the user's application domain (Figure 2 ). Building a reference set of spatial patterns. This reference set is built using a prototypical set of images. Landscape objects are identified and labelled: the identification employs image segmentation and the labeling is performed according to the spatial pattern typology (Figure 3 ).
Mining the database using a structural classifier (guided by the application concepts of the domain), matching the reference set of spatial patterns to the landscape objects identified in images, thus revealing the spatial configurations present in each image ( Figure 5 ).
Defining a spatial pattern typology
The first phase of the methodology calls for the definition of a spatial pattern typology which is associated to a given application domain. In order to illustrate our proposal, we will use a typology defined for mapping different types of land use change in tropical forests.
When using remote sensing images for understanding the forces driving changes in tropical forests, the assumption is that the expression of change is captured by changes in land use [15] . Extensive fieldwork also indicates that the different actors involved in land use change (small-scale farmers, large plantations, cattle ranchers) can be distinguished by their different patterns of land use [10] . Lambin et al. [10] propose a typology of the land use patterns in terms of deforestation processes (see Figure 2 ): corridor (commonly associated with riverside and roadside colonization), diffuse (generally related to smallholder subsistence agriculture), fishbone (typical of planned settlement schemes), and geometric (frequently linked to large-scale clearings for modern sector activities).
Figure 2. Spatial patterns of tropical deforestation (from left to right): corridor, diffuse, fishbone, and geometric (source: [10])
In this work, we will use the spatial patterns typology of Lambin et al., relating them to the structures of landscape objects in order to obtain the spatial patterns, through a cognitive assessment process, in which a human specialist associates landscape objects to spatial patterns typology elements.
Building a reference data set of spatial patterns
To represent the structures detected in remote sensing images, we introduce the concept of a landscape object. A landscape object is a structure detected in a remote sensing image by means of an image segmentation algorithm. Landscape objects can be associated to different types of spatial patterns.
To build a reference set of spatial patterns (Figure 3) , we obtain a set of prototypical landscape objects, which are extracted from a set of sample images. We use segmentation algorithms to partition the image into regions which are spatially continuous, disjoint and homogenous [16] . Recent surveys [17] indicate that region-growing approaches [18] are well-suited for producing closed and homogenous regions. In our proposal, we have adopted the region-growing segmentation algorithm developed by INPE's [19] , and grated in the SPRING software system [20] , which is freely available on the Internet. This algorithm has been extensively validated for extracting land use patterns in tropical forests [21] and has been very favourably reviewed in a recent survey [17] . 
Mining the database using a structural classifier
Once the reference set of spatial patterns is built, the next phase will use them to mine spatial configurations from image databases. The structural classifier enables the association between landscape objects extracted from images and the reference set of spatial patterns (Figure 5 ).
Figure 5. Obtaining spatial configurations
The structural classifier must be able to distinguish between different spatial patterns. It uses the C4.5 decision tree classifier [23] , a classification method based on a decision tree. It predicts the value of a categorical attribute [24] based on non-categorical attributes. The categorical attribute is the pattern type and the non-categorical attributes are a set of numerical attributes that characterize each pattern.
To select the attributes that distinguish the different types of land use patterns, we have used the concepts from Landscape Ecology [25] . Landscape ecology is based on the notion that environmental patterns strongly influence ecological processes. One of the key components of landscape ecology theory is the definition of metrics that characterize geometric and spatial properties of categorical map patterns [26] . The pattern metrics used in landscape ecology include metrics of spatial configuration that operate at the patch level. Patches form the building blocks for categorical maps and within-patch heterogeneity is ignored. Patch metrics refer to the spatial character and arrangement, position, or orientation of patches within the landscape. We have used the pattern metrics proposed by the FRAGSTATS (Spatial Pattern Analysis Program for Categorical Maps) software [27] , that include:
• Perimeter (m) and area (ha).
• Para (perimeter-area ratio): a measure of shape complexity. • Shape (shape index): patch perimeter divided by the minimum perimeter possible for a maximally compact patch of the corresponding patch area. • Frac (fractal dimension index): two times the logarithm of patch perimeter (m) divided by the logarithm of patch area (m 2 ). • Circle (related circumscribing circle): 1 minus patch area (m 2 ) divided by the area (m 2 ) of the smallest circumscribing circle. • Contig (contiguity index): equals the average contiguity value for the cells in a patch. The landscape ecology metrics are fed into the C4.5 classification algorithm to distinguish the different types of spatial patterns. After this classifier is properly trained, it can be used to label the landscape objects found in other images. Therefore, for each image in the database, this procedure identifies the number and location of the different types of spatial patterns. We refer to a specific set of spatial patterns found in an image as a spatial configuration.
By identifying the spatial configurations of different images, the user will be able to evaluate the emergence and evolution of different types of change. Each spatial pattern is associated to a different type of land use change. Therefore, the comparison between spatial configurations of images in different locations and between spatial configurations of images at the same location in different times will allow new insights into the processes and actors that bring about change.
Case study: image mining for deforestation patterns
Brazil is facing a difficult challenge: controlling deforestation on Amazon rain forest, which covers about 40% of its territory. The causes of deforestation include economic, social and political factors and the current pace of land use change is substantial, with an average of 25,000 km 2 of forest being cleared every year. That situation demands fast and effective actions for reducing this pace of devastation. In order to monitor the extremely fast process of land use change in Amazonia, it is very important that INPE be able to use its huge data archive to the maximum extent possible. Given this motivation, we have used the methodology proposed above to achieve a better understanding of the processes of land use change in Amazonia.
We developed a case study using Landsat TM images (225/64, 226/64, 226/65, 225/65) of 1997, 2000, 2001, 2002 and 2003 , which cover the region of São Félix do Xingu in the state of Pará. The images and deforestation data were provided by PRODES Project [28] . The application concepts for this task are guided by the land use change domain in tropical forests (Table 1) . 
Building spatial patterns
According to the proposed methodology, landscape objects were extracted from prototypical images. Then, a human specialist, through cognitive assessment, obtained spatial patterns based on the spatial patterns typology of tropical deforestation (Figure 2 ). Spatial patterns are presented in Figure 6 . 
Obtaining spatial configurations
The structural classifier, using the spatial patterns, extracted spatial configurations from the set of images just mentioned. Some results are presented below.
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In a first case, we wanted to answer the following question: "What's the behavior of large farmers in São Félix do Xingu during this period (1997) (1998) (1999) (2000) (2001) (2002) (2003) ? Is the area of new large farms increasing?" Observing the evolution of the corresponding spatial configuration (geometric patterns) in Figure 7 , it was possible to conclude that "in 2000, this kind of deforestation reached a peak of 55,000 ha, but decreased in the following years. In 2003, the deforestation area associated to large farms decreased to 29,000 ha. This indicates that large farms are reducing their contribution to deforestation".
We posed a second question: "What's the distribution of smallholder agriculture and small deforestation increments in São Félix do Xingu area during the years 1997-2003?". Observing Figure 8 , we concluded that "the distribution of this land use pattern in this period was mainly concentrated in the northeast and southeast of this area". 
Conclusions
The methodology for mining patterns of change on remote sensing image databases proposed in this paper supports the extraction of spatial configurations and spatial patterns from these datasets. This methodology has been developed as an answer to the problem of searching for land use change patterns in remote sensing images. We consider that the proposed methodology can assist the environmental community to respond to the challenge of understanding and modeling land use change in a rapidly changing world. It also represents an alternative for making a more effective use of the large remote sensing image databases available in agencies such as USGS, ESA and INPE. Using satellite images and concepts of landscape ecology, the methodology provides a way to identify deforestation patterns in a complex domain, the Amazon forest. This approach bridges the gap between huge image databases and distinct domains (e.g. crop forecasting, deforestation).
Concepts and techniques of data mining, digital image processing and landscape ecology were used in the methodology to achieve good results during pattern detection. Images of distinct dates enabled the detection of pattern changes, which are extremely valuable when assessing, managing or preventing deforestation processes. Presented results revealed that the methodology is an important contribution to increase quality and speed of remote sensing image knowledge extraction.
Further experiments are necessary to calibrate distinct aspects of the methodology, such as image and structural patterns selection, segmentation and classification parameters, and mining algorithm aspects. Experimental evidences show that qualitative description of deforestation patterns are scale Proceedings of the Fifth IEEE International Conference on Data Mining (ICDM'05) dependent: aspects like area and perimeter are relevant to identify land use change pattern. More specific deforestation patterns must enhance the detection and analysis of such processes, including specific deforestation actor definitions, enabling specialists to perform more accurate and faster tasks using specialized application concepts of their domains.
